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Abstract: Dew is an essential water resource for the survival and reproduction of organisms in arid and 
semi-arid regions. Yet estimating the dew amount and quantifying its long-term variation are challenging. 
In this study, we elucidate the dew amount and its long-term variation in the Kunes River Valley, 
Northwest China, based on the measured daily dew amount and reconstructed values (using 
meteorological data from 1980 to 2021), respectively. Four key results were found: (1) the daily mean dew 
amount was 0.05 mm during the observation period (4 July—12 August and 13 September—7 October of 
2021). In 35 d of the observation period (i.e., 73% of the observation period), the daily dew amount 
exceeded the threshold (>0.03 mm/d) for microorganisms; (2) ait temperature, relative humidity, and wind 
speed had significant impacts on the daily dew amount based on the relationships between the measured 
dew amount and meteorological variables; (3) for estimating the daily dew amount, random forest (RF) 
model outperformed multiple linear regression (MLR) model given its larger R? and lower MAE and 
RMSE; and (4) the dew amount during June—October and in each month did not vary significantly from 
1980 to the beginning of the 21% century. It then significantly decreased for about a decade, after it 
increased slightly from 2013 to 2021. For the whole meteorological period of 1980—2021, the dew amount 
decreased significantly during June—October and in July and September, and there was no significant 
variation in June, August, and October. Variation in the dew amount in the Kunes River Valley was mainly 
driven by relative humidity. This study illustrates that RF model can be used to reconstruct long-term 
variation in the dew amount, which provides valuable information for us to better understand the dew 
amount and its relationship with climate change. 
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1 Introduction 


Dew is a vital source of freshwater that directly condensates from the nearby surrounding 
environment. As an important part of the Earth's water cycle, dew can be found in almost all 
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climate zones and ecosystems around the world (Gerlein-Safdi et al., 2018). Particularly, in the 
arid and semi-arid regions where water resources are scarce, dew is a proven essential water 
source (Tuure et al., 2019; Hill et al., 2020), whose hydrological and ecological effects are 
substantial. In arid and semi-arid regions, dewfall amount can account for more than 50% of 
rainfall amount, even exceeding the amount of rainfall in specific periods (Hao et al., 2012; Jia et 
al., 2019). Dew plays an important role in maintaining the water balance and it can efficiently 
reduce water loss caused by soil evaporation (Xiao et al., 2009; Meissner et al., 2010; Lekouch et 
al., 2011). Moreover, dew can alleviate water deficit in vegetation because leaves may directly 
absorb it (Vaadia and Waisel, 1963; Boucher et al., 1995; Zheng et al., 2011) and it can reduce the 
transpiration rates of plants (Munné-Bosch et al., 1999). Therefore, dew can promote the growth 
of plants and increase their aboveground or belowground biomass (Boucher et al., 1995; 
Munné-Bosch and Alegre, 1999; Jacobs et al., 2000; Zheng et al., 2011; Zhuang and Ratcliffe, 
2012). Furthermore, dew is a crucial source of water for insects and small animals in desert 
environments (Steinberger et al., 1989), because they can sustain themselves by drinking dew 
directly or by eating hygroscopic vegetation that has absorbed dew (Hamilton and Seely, 1976; 
Broza, 1979). Accordingly, both the hydrological and ecological significance of dew cannot be 
neglected, particularly in the arid and semi-arid regions. 

The major limitation in quantifying the function of dew is the difficulty of measurement, and 
there is yet no standard and worldwide method or instrument for dew measurement (Zangvil, 
1996; Hao et al., 2012; Zhuang and Zhao, 2017). Since the last century, various dew-measuring 
devices have been developed, including the cloth-plate, plywood, glass-plate, and 
polyethylene-plate methods. These methods are collectively referred to as artificial-condensation 
surface methods to measure the dew amount (Kidron, 1998, 1999; Zhuang and Zhao, 2017; Tuure 
et al., 2019). Another method relies on microlysimeters (Jacobs et al., 1999; Richard, 2004; 
Meissner et al., 2007; Hao et al., 2012) to obtain the dew amount via direct weighing at the 
beginning and end of the condensation process (Zhuang and Zhao, 2017). However, both methods 
require manual operation every day during the measurement period. Consequently, it is difficult to 
obtain continuous and long-term data on the measured dew amount. More effective observation 
instruments, such as Open Path Eddy Covariance (OPEC) system and Bowen Ratio Energy 
Balance (BREB) system based on the energy-balance principle, have been applied to measure the 
dew amount (Kalthoff et al., 2006; Moro et al., 2007; Hao et al., 2012; Zhuang and Zhao, 2017), 
which can automatically measure the near-surface meteorological variables and energy flux. The 
difficulty of continuous measurement has been resolved by the advent of these advanced 
techniques. Nevertheless, prior to their emergence, historical continuous data on the dew amount 
is still unavailable. 

Moreover, some researchers have developed physical models, semi-empirical models, and 
empirical models to simulate the dew condensation (Moro et al., 2007). Physical models generally 
view the dew condensation process as the inverse process of evaporation; hence, the negative 
latent heat flux can represent the dew condensation. For example, Jacobs et al. (2002, 2008) 
developed the models based on land surface-vegetation-soil energy balance to predict the 
potential dewfall and dew amount from an artificial dew collector. In addition, the single-source 
Penman-Monteith evaporation model has been applied to calculate the condensation of water 
vapor (Monteith, 1965; Jacobs et al., 2006; Moro et al., 2007; Uclés et al., 2013). Some other 
researchers have developed semi-empirical models with simple parameters or an empirical 
relationship in the physical models to simulate the dew condensation. For instance, in order to 
simulate the dew amount, Nikolayev et al. (1996) constructed a physical model based on the 
surface energy balance of dew condenser, which parameterized the emissivity of sky, emissivity 
of dew condenser, and absorptivity of short-wave radiation. Semi-empirical models and physical 
models have proven to be relatively accurate in dew estimation (Moro et al., 2007; Uclés et al., 
2013), likely because they are based on the dew condensation mechanism and their model 
parameters have definite physical meanings, which can better reflect the energy transformation of 
the dew condensation process. However, there are still some uncertainties in these models, given 
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that they generally rely on a simplification of the condensation surface energy balance. Moreover, 
these models require input variables with fine temporal resolution (generally half-hour or hour), 
as dew generally forms at night, which hinders their applicability when only daily data is 
available. Empirical models, such as a statistical model or machine learning model, can fill this 
gap. For example, using a multiple linear regression (MLR) model, Hao et al. (2012) predicted the 
daily dew amount and its duration based on daily net radiation and actual vapor pressure. 
Furthermore, Lekouch et al. (2012) developed a model for the dew amount prediction based on 
artificial neural networks. Although empirical models are limited in characterizing the physical 
mechanism of dew, they are useful and practical when the time resolution of input variables is not 
sufficiently fine and there are too few of them, particularly for the reconstructions of long-term 
historical dataset of the dew amount. 

Based on the methods above, researchers have made numerous observations and predictions of 
the dew condensation in arid and semi-arid regions. Zhuang and Zhao (2017) found that the most 
important factors affecting dew condensation are related to near-surface meteorological 
parameters. Temperature and water vapor conditions are considered as two critical parameters that 
control dew condensation (Beysens, 1995; Hao et al., 2012; Zhuang and Zhao, 2017). Low air and 
soil temperatures, high relative humidity, and moderate wind speed are known to be a favorable 
condition for dew condensation (Monteith, 1957; Zangvil, 1996). On the other hand, random 
forest (RF) model has proven to be an effective machine learning model in eco-hydrological 
variable reconstruction (Xu et al., 2018; Fu et al., 2021; Zhang et al., 2021). However, there are 
few studies using meteorological variables to reconstruct the dew condensation process over a 
long period with an RF model. 

Arid and semi-arid regions in China account for 53% of its land area, and they are expanding 
yearly (Zhuang and Zhao, 2017). Studies of dew in China have mainly focused on these arid 
regions. For instance, Zhang et al. (2009) investigated the effects of three different types of 
biological soil crusts and bare sand on dew deposition in the Gurbantunggut Desert; dew 
condensation and its long-term trend in the Taklimakan Desert were elucidated by Hao et al. 
(2012); and dew's accumulation amount and duration were investigated in desert-oasis ecotone 
(Zhuang and Zhao, 2014, 2017). Most studies about dew conducted in arid and semi-arid regions 
of northwest China were conducted in extremely arid desert regions (Zhang et al., 2009; Hao et 
al., 2012; Zhuang and Zhao, 2014, 2017; Guo et al., 2022), leaving fewer that have analyzed or 
estimated the dew amount in semi-arid regions. 

The Kunes River Valley, located in the upstream of the Ili River in northwest China, lies within 
a semi-arid region and is a key agricultural region (Liu et al., 2017a, 2020). Thus, investigating 
the dew amount and its long-term variation in the Kunes River Valley is imperative. Hence, the 
objectives of this study were to: (1) quantify the dew amount in summer and autumn using 
measurements from cloth-plate method; (2) reconstruct the long-term dew amount using RF and 
MLR models based on the relationships between the measured dew amount and meteorological 
variables; and (3) explore the long-term variation in the dew amount by utilizing the reconstructed 
values of RF model or MLR model and assess which model can better estimate the dew amount. 
These findings are pivotal for understanding the long-term dew condensation, and will assist in 
analyzing the effects of climate change on hydrological processes. 


2 Materials and methods 


2.1 Study area 


This study was conducted in an observation field of Ili Station for Watershed Ecosystem Research 
(li Station), Chinese Academy of Science (43°20’N, 84°00'E; 1157 m a.s.l.), located in the Kunes 
River Valley in Northwest China (Fig. 1). The study area lies in a valley surrounded by mountains 
on three sides (Fig. la). The climate in this region is temperate continental, characterized mainly 
by semi-arid climate. The average annual precipitation in the valley ranges from 200 to 800 mm, 
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the average annual evaporation ranges from 1260 to 1900 mm (Liu et al., 2017b). The annual 
frost-free period is approximately 130-170 d and the average annual sunshine duration ranges 
from 2700 to 3000 h (Xu et al., 2011). Vegetation is mainly consisting of Gramineae, 
Leguminosae, Compositae, etc. The soil type is dominated by alpine meadow soil. 
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Fig. 1 Location of the study area (a); national weather station in Xinyuan County (Xinyuan Station, b); 
observation field in Ili Station for Watershed Ecosystem Research, Chinese Academy of Sciences (Ili Station, c); 
automatic weather station used in this study (d); and measurement of the daily dew amount based on the 
cloth-plate method in observation filed (e). 


2.2 Experimental design and data collection 
2.2.1 Dew amount measurement 


The daily dew amount was measured in summer (from 4 July to 12 August) and autumn (from 13 
September to 7 October) of 2021. The daily dew amount was collected and measured by the 
cloth-plate method (Kidron, 1988; Zhuang and Zhao, 2014). Cloth patches (each 10.00 cmx10.00 
cmx0.15 cm) were attached to the center of three glass plates (each 15.00 cmx15.00 cmx0.20 cm) 
overlaid on a piece of plywood (15.00 cmx15.00 cmx0.20 cm) to create an isolated and 
homogenous substratum (Kidron, 1988). The measured dew amount was calculated as the 
difference in weight before and after dew collection (Fig. le). Specifically, the clean and dry 
cloth-plate devices were weighed and placed in the observation field of Ili Station at 20:00 (LST) 
the day prior to measurement. At 6:00 the next morning before sunrise, each cloth-plate device 
was individually weighed, and the differences in weights were designated as the dew production 
for that night. The dew amount (DeWamount} mm) was calculated as follows: 

_ 10x(W, —W,) 


Dew amount — S ? ( 1 ) 


where W, is the weight of cloth-plate device before sunrise (g); Ws is the weight of the cloth-plate 
device after sunset (g); and S is the surface area of a cloth patch (cm?). 

2.2.2 Meteorological data 

Meteorological variables used to analyze their bivariate correlations with the measured dew 
amount were measured by an automatic weather station (Fig. 1d), located at the observation field 
of Ili Station (Fig. 1c). These measured meteorological variables included air temperature, relative 
humidity, wind speed, net solar radiation, atmospheric pressure, soil moisture at 10 cm depth, soil 
temperature at 10 cm depth, and soil surface temperature. These data were obtained at a frequency 
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of 10 Hz and recorded every 5 min by a CR1000 data logger (Campbell scientific Inc., Logan, 
Utah, United States); they were stored as 30-min average values. Based on the 30-min average 
values, we can get the daily values (including mean, minimum, and maximum) and nocturnal 
values (including mean, minimum, and maximum) by resampling. 

Given that the Ili Station was established after 2010, meteorological data used to reconstruct 
the long-time series of the dew amount were collected from the nearest national weather station in 
Xinyuan County (Xinyuan Station) and its data archive of long-term continuously observed 
meteorological data (Fig. la and 1b). The Xinyuan Station and Ili Station are both located within 
the Kunes River Valley, and their meteorological conditions are similar. Thus, meteorological data 
from Xinyuan Station can generally covey the regional meteorological conditions at the study 
site. Considering that the dew amount observation period spanned early July to early October in 
2021, we chose the nearly half-year (i.e., from June 2021 to October 2021) time scale with similar 
environmental conditions to that in the observed period to estimate the long-term variation in the 
dew amount from 1980 to 2021. The long-term meteorological data used in this study included 
daily minimum air temperature, daily mean relative humidity, daily mean wind speed, daily 
precipitation, and monthly precipitation. 


2.3 Reconstruction of the dew amount based on multiple linear regression (MLR) model 
and random forest (RF) model 


In this study, we applied MLR and RF models to reconstruct the dew amount using Python 3.8. 
The MLR model is expressed as follows: 


Y=QX, + GX) +... +a, X, +b, (2) 


n” n 


where y is the daily dew amount (mm/d); x1, x2,..., Xn are the meteorological variables explaining 
the variation in the daily dew amount on a corresponding date; ai, a2,..., dn are regression 
coefficients of x1, x2,..., Xn, respectively; and b is the intercept. The predictors selected for the 
fitting of the dew amount depended on the relationships between the measured dew amount and 
meteorological variables (i.e., daily minimum temperature, daily mean temperature, daily 
maximum temperature, daily mean relative humidity, daily mean wind speed, daily mean soil 
moisture at 10 cm depth, daily mean soil temperature at 10 cm depth, and daily mean net solar 
radiation). 

The predictors used in RF model were the same as those in MLR model. In this study, we used 
a grid search algorithm (Lujan-Moreno et al., 2018) to explore the optimal parameter combination 
for fitting the dew amount according to RF model. The feature importance of each predictor 
obtained via RF model was ranked. Note that feature importance refers to the contribution rate of 
each predictor to the overall fitting accuracy; hence, the sum of the feature importance of all 
predictors for an RF model is 100%, that is the larger the feature importance, the more important 
the predictor. 


2.4 Statistical analysis 

2.4.1 Relationship between the measured dew amount and meteorological variables 

Pearson correlation coefficient was used to test the relationship between the measured dew 
amount and each meteorological variable. Considering the mechanism of dew condensation is 
complex, we used the non-parametric Mann-Whitney U test to identify the significant influence 
of meteorological variables on the dew amount. Namely, we determined the significant difference 
of a given meteorological variable between the nights with large dew amount (>0.10 mm) and the 
nights with small dew amount (<0.03 mm) at 95% confidence level. 

2.4.2 Evaluation of model performance 

The determination coefficient (R?), mean absolute error (MAE), and root mean square error 
(RMSE) were used to evaluate the goodness-of-fit of each MLR and RF model. The MAE and 
RMSE were calculated as follows: 
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MAB=+5 ha) -, (3) 


i=l 


1 m 
RMSE = ES ha- ; (4) 
i=l 


where MAE is the mean absolute error (mm/d); RMSE is the root mean square error (mm/d); m is 
the sample capacity; h(x;) is the predicted value; and y; is the measured value. 


2.4.3 Variation in reconstructed trend for dew amount 


We applied two methods to analyze the variation in the reconstructed dew amount from 1980 to 
2021. First, the Sen's slope estimator (P) was used to obtain the annual variation magnitude in the 
dew amount (Theil, 1950; Sen, 1968); a value of B greater than 0.00 represents an increasing 
trend, whereas a value of P less than 0.00 represents a decreasing trend. Then, because this 
method lacks statistical significance testing for the variation trend, we utilized the Mann-Kendall 
(MK) test to analyze the significance of the variation trend (Mann, 1945; Kendall, 1975). Based 
on the absolute Z value of the test statistic from the MK test, if |Z| is greater than 1.96, the trend is 
significant at 5% level. According to the values of B and |Z|, we divided the variation in the dew 
amount into five categories: significantly increase (B>0.00 and |Z|>1.96), significantly decrease 
(B<0.00 and |Z|>1.96), increase (B>0.00 and |Z|<1.96), decrease (B<0.00 and |Z|<1.96), and no 
obvious variation (Huang et al., 2021). 


3 Results 


3.1 Measured dew amount and its relationship with meteorological variables 


In this study, the dew amount was measured from 4 July to 12 August and from 13 September to 
7 October in 2021 to represent the measured dew amount in summer and autumn, respectively. 
The precondition for the dew condensation is that the temperature of condensation surface is 
lower than or equal to the dew point temperature. Figure 2 showed the nocturnal mean dew 
point temperature and nocturnal mean soil surface temperature during measurement period. 
Evidently, the nocturnal mean soil surface temperature was almost higher than the nocturnal 
mean dew point temperature. In addition, soil moisture at 10 cm depth declined at night (Fig. 2b). 
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Fig. 2 Nocturnal mean dew point temperature and nocturnal mean soil surface temperature (a) and soil moisture 
at 10 cm depth on 4 July (b), 9 August (c), 26 September (d), and 5 October (e) in 2021 


Combining these results with the criteria of dew types reported by previous study, it can be 
concluded that the measured dew amount corresponds to the total canopy condensation. 
Therefore, the main dew type in the Kunes River Valley arises from canopy condensation, and 
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this study thus focuses on this dew type. 

The observation period included 48 d with the dew amount measurement and 15 d with 
precipitation at night (measurement could not be conducted as precipitation occurred at night). 
Total recorded of the dew amount was 2.50 mm, with a daily mean value of 0.05 mm (Fig. 3). As 
can be seen from Figure 3, the dew amount in autumn was relatively higher than that in summer. 
The daily mean dew amount in summer and autumn was 0.04 and 0.06 mm, respectively, and the 
total dew amount in summer and autumn was 1.12 and 1.46 mm, respectively. Previous study 
demonstrated that 0.03 mm was the threshold amount of dew availability for microorganisms. We 
found that the daily dew amount greater than 0.03 mm occurred on 35 d, accounting for 73% of 
the total measurement days. 
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Fig. 3 Measured dew amount based on the cloth-plate method in summer and autumn of 2021 


The dew amount is often closely related to meteorological conditions. In order to further 
understand the relationship between meteorological variables and the dew amount, we analyzed 
correlations between them at a daily scale. The result showed that air temperature (including daily 
minimum air temperature, daily mean air temperature, and daily maximum air temperature), soil 
temperature at 10 cm depth, and net solar radiation exhibited negative correlations with the dew 
amount, whereas positive correlations were found for daily mean relative humidity, daily mean 
wind speed, and soil moisture at 10 cm depth (Fig. 4). However, only the temperature variables 
and relative humidity were significantly (P<0.05) correlated with the dew amount, being stronger 
for the former than the latter. Correlations between the dew amount and other variables (daily 
mean wind speed, soil moisture at 10 cm depth, and net solar radiation) were not statistically 
significant (P>0.05). 

Previous studies have shown that the influence of wind speed, net solar radiation, and soil 
moisture on the dew amount should not be ignored. Thus, we analyzed the significance of 
differences in meteorological variables of nights with the dew amount more than 0.10 mm and 
those with the dew amount less than 0.03 mm based on the non-parametric Mann-Whitney U 
test. The result was presented in Table 1. Nights with the dew amount more than 0.10 mm 
exhibited lower wind speed, higher relative humidity, and lower temperatures than nights with 
the dew amount less than 0.03 mm, and these differences were significant (P<0.001; Table 1). 
By contrast, no significant differences (P>0.001) were detected in soil moisture of nights with 
the dew amount more than 0.10 mm and soil moisture of nights with the dew amount less than 
0.03 mm. It was clear that low temperature, high relative humidity, and low wind speed are 
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conducive to the dew condensation. 
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Fig. 4 Correlation coefficient (r) between the dew amount and meteorological variables. Tmin, daily minimum 
air temperature; Tmean, daily mean air temperature; Tmax, daily maximum air temperature; RH, daily mean relative 
humidity; WS, daily mean wind speed; SM, soil moisture at 10 cm depth; ST, soil temperature at 10 cm depth; Rn, 


net solar radiation. 


Table 1 Meteorological variables of nights with the dew amount more than 0.10 mm and those with the dew 


amount less than 0.03 mm in the study site 


Tmax RH 


SM ST R, 


Meteorological variable 


Meteorological variables Nights with the dew amount Nights with the dew amount Significance 
more than 0.10 mm less than 0.10 mm level 
Minimum 1.50 9.80 
Air temperature (°C) Maximum 30.40 33.90 <0.001 
Mean 9.27. 17.23 
Minimum 36.60 25.10 
Relative humidity (%) Maximum 80.10 65.40 <0.001 
Mean 64.24 45.45 
Minimum 0.00 0.00 
Wind speed (m/s) Maximum 4.57 5.58 <0.001 
Mean 1:22 1.52 
Minimum 8.26 8.29 
pany ar ete Maximum 17.85 25.84 0.034 
Mean 13.32 13.69 
Minimum 9.10 13.56 
Pane at 1O om Maximum 21.76 23.66 <0.001 
Mean 14.25 19.40 
Minimum -105.05 —107.48 
Net solar radiation (W/m°) Maximum 220.70 207.20 0.366 
Mean -55.98 -55.26 


Note: Significance was determined at the 95% confidence level by a non-parametric Mann-Whitney U test. 


According to the above results, we found that the main meteorological variables affecting the 
daily dew amount were air temperature, relative humidity, wind speed, and soil temperature at 10 
cm depth (P<0.001). Given that the daily minimum air temperature generally occurred at night 
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when dew formed and soil temperature data was unavailable during the long-term period, we used 
the daily minimum air temperature, daily mean relative humidity, and daily mean wind speed to 
simulate the daily dew amount during 1980—2021 based on the MLR and RF models. 


3.2 Performance of the daily dew amount fitting models 


This subsection presents the performance of MLR and RF models for the daily dew amount 
simulation. MLR and RF models were trained with 50% of the measured dew amount data and 
then tested with the other 50%, respectively. The two models used the same training and testing 
dataset that were randomly distinguished in Python 3.8. The values of R?, RMSE, and MAE for 
the testing dataset are shown in Figure 5. 

Compared with MLR model, the performance of RF model was better by virtue of its lager R? 
and smaller RMSE and MAE (Fig. 5). The R? of RF model reached 0.55 (P<0.05), and its RMSE 
and MAE were only 0.031 and 0.024 mm/d, respectively; while, the R? of MLR model was 0.34, 
with RMSE and MAE being 0.037 and 0.027 mm/d, respectively. Compared with MLR model, 
the total dew amount (1.25 mm) and the daily mean dew amount (0.05 mm) estimated by RF 
model were closer to the measured total dew amount (1.34 mm) and the measured daily mean 
dew amount (0.06 mm). 
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Fig. 5 Performance of multiple linear regression (MLR) and random forest (RF) models on the dew amount 
simulation. (a) and (c), the measured and simulated dew amount based on MLR and RF models, respectively; (b) 
and (d), the relationship of the measured dew amount with the dew amount simulated by MLR model and the dew 
amount simulated by RF model, respectively; RMSE, root mean square error; MAE, mean absolute error. 


To compare the simulation performance of MLR and RF models in detail, we classified the 
dew amount into five intervals, including 0.00—0.03, 0.03—0.05, 0.05—0.10, 0.10-0.15, and 
0.15—0.20 mm, and then drew the frequency distribution histograms of the measured and 
simulated daily dew amount (Fig. 6). Both MLR and RF models showed deviations in the 
simulated dew amount. Notable, both models underestimated the dew amount in the low-value 
(0.00-0.03 mm) and high-value (0.10—-0.20 mm) intervals. Particularly, for the interval of 
0.10-0.20 mm, neither model yielded the dew amount. Moreover, the two models overestimated 
the dew amount in the range of 0.03—0.10 mm. For the testing dataset, although there were 
deviations in the dew amount simulated by the two models, compared with MLR, the frequency 
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of the dew amount simulated by RF model was generally closer to the frequency of the 
measured dew amount. 
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Fig.6 Frequency distribution histograms of the dew amount for the testing dataset 


Consistent with the above results in this section, RF model performed better than MLR model 
in the daily dew amount simulation, in terms of R?, RMSE, MAE, and frequency distribution. 
Therefore, we choose RF model to simulate the long-term variation in the dew amount in the 
Kunes River Valley. 


3.3 Long-term variation in the dew amount 


Evaluating long-term variation in the dew amount is difficult due to the lack of long-term direct 
observations. Here, we used a RF model to assess the long-term variation in the dew amount 
based on the conventional meteorological observation data. To avoid the errors caused by 
precipitation, we deleted the data containing precipitation in the statistics and results. 

3.3.1 Statistics for the monthly dew amount 


Figure 7 showed the simulated monthly dew amount during June—October from 1980 to 2021, as 
well as the daily mean, maximum, and minimum dew amount of each month. The monthly dew 
amount ranged from 0.33 (June 2013) to 1.91 mm (October 1980). The dew amount in most 
(80%) months exceeded the threshold amount of dew availability for microorganisms (0.90 mm). 
There was no obvious difference in the monthly dew amount among different months, except 
for October. The mean dew amount in October (1.35 mm) surpassed that in other months, being 
the lowest in June (Fig. 8). The monthly dew amount was 1.09, 1.10, and 1.12 mm in August, 
September, and July, respectively. 
3.3.2 Variation in the dew amount 


We analyzed the long-term variation in the dew amount during June—October and in each month 
(Fig. 9; Table 2). Besides the entire study period (from 1980 to 2021), we divided the dew amount 
series during June—October and in each month into three temporal stages, namely, Stage 1 (from 
1980 to 2002), Stage 2 (from 2002 to 2013), and Stage 3 (from 2013 to 2012), according to the 
maximum and minimum dew amount during June—October from 1980 to 2021. 

The results from the Sen's slope and MK test showed that the dew amount during June—October 
was characterized by a significantly decreasing trend from 1980 to 2021 (B<0.00 and |Z|>1.96), as 
well as the dew amount in July and September showed a significantly decreasing trend. However, 
their variation rates (i.e., absolute value of P) were all less than 0.02 per year. The dew amount in 
other months showed no obvious variation trend from 1980 to 2021 (|Z|<1.96). 

Variation in the dew amount differed among the different temporal stages. Namely, the dew 
amount during June—October and in each month decreased significantly in Stage 2 (Fig. 9). In this 
stage, the declined trend during June—October was the highest (B= —0.31), but the variation rate in 
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each month was always lower than 0.10. However, in Stage 1 and Stage 3, the variation trends of 
the dew amount during June—October and in each month were all insignificant (|Z|<1.96). Further, 
the dew amount variation showed no obvious trend (B=0.00) in July or October in Stage 1; while, 
in the other months, it was distinguished by an increasing trend (B>0.00; |Z|<1.96). Moreover, the 
variation in the dew amount featured an increasing trend in Stage 3 during June—October and in 
each month, exceeding that in Stage 1. 

It was concluded that the dew amount during June—October and in each month slightly 
increased or did not change significantly from 1980 to 2002, but then sharply decreased until 
2013, and finally displayed a slightly increasing trend from 2013 to 2021 (Fig. 9). Moreover, the 
dew amount during June—October decreased significantly from 1980 to 2021 (Table 2). 
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Fig. 7 Simulated monthly dew amount and the daily mean, maximum, and minimum dew amount during 
June—October from 1980 to 2021 
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Fig. 8 Boxplot for the monthly dew amount during June—October from 1980 to 2021. The boxes represent the 
range from the lower quantile (Q25) to the upper quantile (Q75) of the total monthly dew amount during 
June—October from 1980 to 2021. The dots and horizontal lines inside the boxes represent the means and medians, 


respectively. The dots outside the boxes represent outliers. The upper and lower whiskers indicate the maximum and 
minimum values, respectively. 
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Fig. 9 Variation in the dew amount during June—October (a) and in June (b), July (c), August (d), September (e), 
and October (f) from 1980 to 2021 


4 Discussion 


Manual measurements of the dew amount were carried out in the Kunes River Valley in summer 
and autumn of 2021, providing valuable information about the dew condensation dynamics. 
Based on the empirical data, we trained and applied RF model to estimate the long-term dew 
amount. This is an important attempt to simulate the historical trend of the dew amount for 42 a 
(1980-2021) based on a machine learning model. 


4.1 Measured dew amount and its correlation with meteorological variables 


This work started with the dew amount observations. Specifically, in order to measure the dew 
amount, we used the cloth-plate method (Kidron, 1998), a method previously used to robustly 
measure the dew amount in the Negev Desert in south Israel (Kidron, 1998; Kidron et al., 2002; 
Kidron, 2005), as well as the Badain Jaran Desert in northwestern China (Zhuang and Zhao, 
2014). The results of our study showed that the daily dew amount was concentrated in 0.03—0.10 
mm (its frequency was 60%) during the observation period. Our results are generally consistent 
with findings reported for the Badain Jaran Desert (Zhuang and Zhao, 2014; Zhuang et al., 2021). 
Manual measurement of the dew amount provided us with valuable information about daily dew 
condensation, by analyzing the relationship between the dew amount and meteorological 
variables. Previous studies found that dew condensation is a complex physical process, influenced 
by numerous micrometeorological variables (Ye et al., 2007; Wang and Zhang, 2011; Hao et al., 
2012). He and Richards (2015) reported that clear skies, moderate winds, strong inversions of 
temperature from the ground surface to the atmosphere, low surface temperatures, and high 
relative humidity were all favorable abiotic conditions for water vapor condensation. Our results 
showed that air temperature, relative humidity, and wind speed have robust relationships with the 
dew amount, which is similar to previous studies. Moreover, Zhuang and Zhao (2017) reported 


Table 2 Long-term variation in the dew amount in different temporal stages 
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Month Temporal stage B Izi Trend 

1980-2002 0.01 0.32 Increase 

2002-2013 —0.31 3.50 Significantly decrease 

June—October 

2013-2021 0.20 0.73 Increase 

1980-2021 —0.02 2.08 Significantly decrease 

1980-2002 0.01 0.85 Increase 

2002-2013 —0.08 2.13 Significantly decrease 

June 

2013-2021 0.02 1.15 Increase 

1980-2021 0.00 0.98 No obvious variation 

1980-2002 0.00 0.26 No obvious variation 

2002-2013 —0.05 2.95 Significantly decrease 

July 

2013-2021 0.05 1.15 Increase 

1980-2021 —0.01 2.10 Significantly decrease 

1980-2002 0.01 1.43 Increase 

2002-2013 —0.06 2.95 Significantly decrease 
August 

2013-2021 0.03 0.94 Increase 

1980-2021 0.00 0.80 No obvious variation 

1980-2002 0.01 0.69 Increase 

2002-2013 —0.05 2.81 Significantly decrease 

September 

2013-2021 0.02 1.15 Increase 

1980-2021 —0.01 2.36 Significantly decrease 

1980-2002 0.00 0.00 No obvious variation 

2002-2013 —0.05 2.95 Significantly decrease 
October 

2013-2021 0.04 1.56 Increase 

1980-2021 0.00 1.26 No obvious variation 


that high relative humidity was a prerequisite for water vapor condensation, and that 50% was the 
lowest value of relative humidity enabling dew condensation. In addition, dew is controlled by 
wind speed and how wind speed affects dew condensation is complex (Zhuang and Zhao, 2017). 

This might explain why we did not find a significant correlation between the dew amount and 
wind speed (P>0.05), not unlike that reported by Hao et al. (2012). However, in our study, there 
was a significant difference in wind speed at night when the dew amount was greater than 0.10 
mm and less than 0.03 mm. Mean wind speed and maximum wind speed at night with the dew 
amount greater than 0.10 mm were 1.22 and 4.57 m/s, respectively, corresponding to moderate 
wind speed. This finding supports other work showing that moderate wind speed can enhance the 
transport of water vapor and prevent the mixing of air at the ground surface with air above it (He 
and Richards, 2015). Previous studies also indicated that high wind speed inhibits the dew 
condensation (Monteith, 1957; Nilsson, 1996; Lekouch et al., 2012; Zhuang and Zhao, 2017), but 
this study cannot reflect this opinion. 


4.2 Estimation of the dew amount 


A physical model to estimate the dew amount is not easy to set-up because the detailed thermal 
and radiative exchange of condensation surface cannot be accurately modeled. An alternative is to 
predict the dew amount based on the empirical relationship between the condensation volume and 
meteorological variables (Lekouch et al., 2012). Traditional statistical model, such as MLR 
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model, may be successfully used to predict the dew amount based on the correlation between it 
and meteorological variables (Hao et al., 2012). Because machine learning model is an efficient 
and robust mathematical technique of non-linear regression, which includes various capabilities, 
such as classification and prediction (Zhang et al., 1998), it can be implemented to estimate the 
dew amount from meteorological data. Machine learning model, for instance, an artificial neural 
network, has been applied to predict the dew point temperature (Shank et al., 2008) and the dew 
amount (Lekouch et al., 2012). Here, we selected daily minimum air temperature, daily mean 
relative humidity, and daily mean wind speed as predictors to construct MLR and RF models to 
simulate the daily dew amount, and we compared the performance between RF model and MLR 
model. It is clear that RF model captured the dew amount variability better than MLR model, with 
smaller MAE and RMSE as well as higher R?. The R? of RF model increased by 62% compared 
with MLR model, and correspondingly reduced the MAE and RMSE by 14% and 19%, 
respectively. This improvement was mainly attributed to the strong adaptability of RF model, 
which could detect and express the non-linear relationships between the dew amount and 
meteorological variables. This advantage of RF model can also be illustrated by the results for its 
feature importance values. 


4.3 Long-term variation in the dew amount and its driven factors 


In this study, we developed RF model to derive the long-term variation in the dew amount from 
1980 to 2021. During the period, the most special period is from 2002 to 2013, when the dew 
amount significantly declined for about a decade. Using MLR model, Hao et al. (2012) reported a 
similar significantly decreasing trend of the dew amount over the same years in the Taklimakan 
Desert, near our study area, but they did not try to explain the decreasing trend. To that end, we 
analyzed the variation in daily minimum air temperature, daily mean relative humidity, and daily 
mean wind speed, and total precipitation during June—October from 1980 to 2021 (Fig. 10). 
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Fig. 10 Variation in daily minimum air temperature (a), daily mean relative humidity (b), total precipitation (c), 
and daily mean wind speed (d) during June—October from 1980 to 2021 


During the past 42 a, the variation in daily mean relative humidity showed a similar pattern to 
the change of the dew amount. As shown in Figure 10, daily mean relative humidity significantly 
decreased from 2002 to 2013, implying that the difficulty of attaining saturation for water vapor 
in the air, and this directly led to the reduction of the dew amount. Still, the reduction in daily 
mean relative humidity might have arisen from the increase of daily minimum air temperature and 
precipitation. Evidently, the daily minimum air temperature kept increasing from 2002 to 2013. 


FENG Ting et al.: Dew amount and its long-term variation in the Kunes River Valley... 


Although higher air temperature enables more water vapor stored in the atmosphere (Allen et al., 
1998), the precipitation was almost stable, which suggests the overall source of atmospheric 
moisture might vary negligibly. As a result, there was a decrease in daily mean relative humidity. 


4.4 Limitations of this study 


The current study has some limitations, mainly concerning the measurement and estimation of the 
dew amount. First, we chose the cloth-plate method to empirically measure the dew amount in the 
field. This method has the advantages of practicality and low cost. But like other artificial 
condensation surface methods, their obtained results are often influenced by the compositions of 
the artificial surface (Jacobs et al., 2008; Hao et al., 2012; Zhuang and Zhao, 2017). Moreover, 
the cloth-plate method cannot accurately reflect the physical mechanism of dew condensation 
process that would occur on a natural condensation surface, though it still has climatological 
relevance to some extent. To better understand natural dew condensation mechanism, future 
researches should focus on observing and comparing natural condensation surface. The long-term 
dew amount estimated by RF and MLR model can reflect the climatological significance of the 
dew amount from 1980 to 2021, since we trained and fitted RF and MLR in the same way based 
on the relationship between the measured dew amount by the cloth-plate method and 
meteorological variables. However, as empirical-based methods, MLR and RF models cannot 
reflect the energy transformation of dew condensation process like the physical models based on 
energy balance, such as the Penman-Monteith evaporation model. Second, it is more informative 
to compare the performance of MLR and RF models with other approaches, such as the 
Penman-Monteith model, with empirical parameters used for the estimation of the dew amount. 
The Penman-Monteith model needs data with high temporal resolution to estimate the dew 
amount, while the lack of that data in available long-term datasets impairs their usage in deriving 
long-term variations in the dew amount data based on Penman-Monteith model. As main aim of 
this study was to obtain a long-term series of the dew amount data, we relied on MLR and RF 
models because they only required data at a daily scale to estimate the dew amount. In the future, 
we will consider comparing the performance of MLR and RF models with that of Penman- 
Monteith and other physical models for the estimation of the dew amount. 

The large-scale weighing lysimeter is currently a relatively perfect tool for measuring the dew 
amount, which can measure the dew amount on the land surface simply and reliably. The future 
researches on land surface dewfall should try to combine different methods, namely, the large- 
scale weighing lysimeter, Open Path Eddy Covariance (OPEC) system, Bowen Ratio Energy 
Balance (BREB) system, measurement of common meteorological variables with high temporal 
resolution, and numerical models based on the physical mechanism of dew condensation. 


5 Conclusions 


Evaluating long-term variations in the dew amount is difficult due to the lack of long-term direct 
observation and the limitations of relevant estimation methods. To explore the long-term variation in 
the dew amount in the Kunes River Valley, we compared the performance of MLR and RF models 
in the dew amount simulation. We selected the predictors used in MLR and RF models based on the 
relationship between meteorological variables and the measured daily dew amount in summer and 
autumn of 2021. It is concluded that dew formed frequently in the study area, where the daily dew 
amount exceeded the threshold amount of dew availability for microorganisms in most (73%) of 
dew-measured days. The mean daily dew amount in autumn was a little higher than that in summer. 
Air temperature, relative humidity, and wind speed played important roles in dew condensation; the 
threshold for dew condensation was relative humidity greater than 60% and wind speed less than 
1.5 m/s. In addition, RF model generally performed better than MLR model, resulting a higher 
value of R? and lower MAE and RMSE for the dew amount estimation. According to the dew 
amount reconstructed by RF during June—October from 1980 to 2021, we found that the dew 
amount in most months (80%) exceeded the threshold amount of dew availability for 
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microorganisms. There were differences in the variations of dew amount among different temporal 
stages from 1980 to 2021. The dew amount during June—October slightly increased before the 
beginning of the 21“ century, then it fell significant for about a decade, and rebounded slightly from 
2013 to 2021. Long-term variation in the dew amount was primarily impacted by relative humidity. 

The present study is of great significance to explore the characteristic of the historical dew 
amount. The findings could help to explore how climate change affects dew condensation, and 
further to maintain the ecology stability in arid and semi-arid regions under the background of 
climate change. 
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